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Introduction Modeling Analysis

ThlS study examines a range of facto.rs affecting hospltal ratings, particularly emphgsmng the e We splitted our data so that 80% is used for training and 20% for testing.
importance of medical costs and the implementation of safety measures. By analyzing a e We develop binary classification using logistic regression, linear-kernel SVM, decision tree, random forest, and XGBoost.
comprehensive dataset of American hospital evaluations, we aim to create an analytical model e For each of these models, we generate ROC curves for each model and compute the AUC values. The model with the highest AUC will be
capable of predicting hospital ratings. eiedlered The heat
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low-rated hospitals, directing improvements in healthcare quality and patient satisfaction. = Observations:
® The highest AUC 0.930 1s from logistic regression model. The
S - optimum threshold is 0.581, MCR is 0.136.
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associated with key procedures. o e rocedure.Hlp.K.nee.Cost.,Procedur.e.Pneumonla.Quallty,
S £ | | etc. Therefore, patient experience, hospital safety and
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Facility.Type Type of hospital Procedure.Heart.Attack.Value Value for heart attack care Specificity
Rating.Mortality Mortality rate comparison Procedure.Heart.Failure.Cost Cost for heart failure care Figure 3: ROC curves of different models Rating.Experience _
Rating.safety [
Rating.Safety Safety comparison Procedure.Heart.Failure.Quality |Heart failure care quality Rating.Readmission e
Logistic Decision | Random Rating.Mortaiy |
Rating.Readmission Readmission rate comparison Procedure.Heart.Failure.Value Value for heart failure care M()del Regrgessign SVM Tree F()rest XGB()OSt Procedure.Hip.Knee.Cost _
Procedure.Pneumonia.Quali _
Rating.Experience Patient experience comparison Procedure.Pneumonia.Cost Cost for pneumonia care ‘ Ratmg_Time"nelsz |
Rating.Effectiveness Effectiveness of care comparison |Procedure.Pneumonia.Quality Pneumonia care quality AUC O 930 O 925 O 835 O 914 O 912 Proc:;z:::::;:iﬁ:eé::l:; =
Rating.Timeliness Timeliness of care comparison Procedure.Pneumonia.Value Value for pneumonia care . . . . . Rrageduse;Enoumonia; Cost _
Procedure.Heart.Attack.Cost -
Rating.Imaging Use of imaging comparison Procedure.Hip.Knee.Cost Cost for hip/knee care Table 2: AUCs for each model :;’:::;’:::::::::;evzi ]
Procedure.Heart.Attack.Cost Cost for heart attack care Procedure.Hip.Knee.Quality Hip/knee care quality Procedure.Pneumonia.Value -
—_ . _ Rating.Imaging .
Procedure.Heart.Attack.Quality Heart attack care quality Procedure.Hip.Knee.Value Value for hip/knee care Response R hlgh Response R 10W Procedure.Hip.Knee.Quality .
Procedure.Heart.Failure.Value .
Table 1: Predictor Variables PredICtlon — hlgh 154 44 Rating.Effectiveness II
Facility. Type
Procedure_Heart.At’[ack_Cost Procedure.Heart_Failure.Cost 200 Facility. Type 200 Procedure.Heart Attack.Quality 00 Procedure.Heart Attack Value 00 Procedure.Heart.Failure.Quality . . _ Brocalirs: HeartAfiasi Quality l
30000 p ’ 22500 : 900 l 900 I 900 l 900 I PredlCtlon lOW 27 297 0 20 40
) ' 600 600 600 600
27000 20000 300 300 300 300
i . i . ) - ) - Table 3: Confusion Matrix for Logistic Regression Figure 4: Feature Importance by Random Forest
24000 - - 17500 - - oo Procedure.Heart Failure.Value oo Procedure.Hip.Knee.Quality oo Procedure. Hip.Knee Value oo Procedure.Pneumonia. Quality catogory
2 1 000 1 5000 900 . 900 . 900 - 900 Ol:::
: ; : : e SR - N B . ol C lusi
E high low high low R.atm: e 0 0 0 0 O n c u S lO n
- Ig 3 Procedure.Pneumonia.Value Rating.Effectiveness Rating.Experience Rating.Imaging 6l0
c>u Procedure.Pneumonia.Cost Procedure.Hip.Knee.Cost . - = 1200 . e e 0 .
. 35000 900 900 900 900 . B:tet;r . . . . . . . . . . .
22500 . i - i . " .I " -. " .I =« | Qur analysis successfully applied various predictive models to determine the best approach for classifying U.S. hospitals into "high" and "low"
20000 - L - | rating categories based on a range of performance metrics. The logistic regression model demonstrated the highest efficiency with an AUC of
oo [ - — 0.930, indicating a strong predictive capability.
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guide improvements in healthcare quality and patient satisfaction. Future analysis may focus on integrating additional variables, exploring
Figure 1: Box plots of quantitative variables Figure 2: Bar plots of categorical variables alternative modeling techniques, or applying the model to different subsets of the healthcare system.




